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DYNAMIC SPECTRUM EXTRACTION METHOD BASED ON ABSOLUTE DIFFERENCE
SUMMATION AND STATISTICAL THEORY
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Dynamic spectrum theory has great importance in the field of noninvasive measurement of blood
components. To enhance the computational efficiency and data utilization of the existing extraction methods,
this paper proposes a new one based on the absolute difference summation (ADS) and statistical theory. The
ADS is used to obtain the eigenvalue from a photoplethysmography (PPG) signal. The statistical method is
used to obtain the final dynamic spectrum. The experimental data of PPG signal from 133 volunteers were
extracted by the new method and the single-trial (ST) extraction method, and the partial least squares model
was used to build the calibration models. Compared with the ST extraction, the new method showed better
prediction ability. The correlation coefficient of the prediction set increased from 0.85 to 0.92, and the root
mean square error of the prediction decreased from 13.49 to 9.86 g/L, which proved that this method can
significantly improve the quality of the dynamic spectrum.
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Ipeonacaemces memoo nonyuenust OUHAMUYECKO2O0 CREKMPd, OCHOBAKHBIL HA CYMMUPOBAHUY aDCOIOM-
notl paswocmu (CAP) u cmamucmuuecxou meopuu. CAP ucnonvzyemcs ons onpedeieHusi cOOCMEeHH020
3HAYEHUs NO CUSHALY, NOJYHEHHOMY ¢ nomowbio homonnemuzmocpaguu (PIIT). [ns nonyuenus KoHeuHo20
OUHAMUYECKO20 CNEeKmpa NPUMEHSAEmcs CMamucmudeckuii memoo. Dxcnepumenmanvhvie oannvle DIIT-
cuenana onsi 133 0obposonvyes obpabomanvl ¢ NOMOWDBIO HOBO20 MemOoOdd U Memood OOHOKPAMHOU
OKCMpaxyuu, a Ois NOCMPOEHUs KATUOPOBOUHBIX MOOenell UCHOIb308AH MemoO YACMHbLIX HAUMEHLUIUX
xeaopamos. Ilo cpasHenuro ¢ 0OHOKPAMHOU SKCMPAKYUel HOBbLL Memo0 NOKA3AL AYHULYI0 CNOCOOHOCHb
npeockazanusi. Koagpguyuenm roppensyuu npocnosnozo nabopa yeeauyuncs ¢ 0.85 oo 0.92, a cpeoue-
Keaopamuyeckas nocpeutHocms npeockasanus ymeuvuiunacs ¢ 13.49 oo 9.86 2/n. Dmo oOoxazvigaem
B03MOIACHOCMb MEMOOA 3HAYUMENLHO YAVUUUMb KAYeCMB0 OUHAMUYECKO20 CReKMpa.

Knrwouegvle cnosa: neunsasusnoe uzmeperue KOMNOHEHMOS KPOSU, (omoniemusmozpapus, OuHamu-
YecKull CHeKmp, CyMMUpoganue abcotiomuoll pasHocmu, 00CMOBEPHOCHbL MOOETUPOBAHUSL.

Introduction. In recent years, noninvasive detection of blood components has become a hot spot in the
biomedical engineering field [1-4]. Among the related methods, the near-infrared spectroscopy technology
has attracted much attention because of its advantages, such as rapid processing, good specificity, and large
amount of information, and has achieved significant research progress [5, 6]. Jeon proposed to establish a
calibration model by measured spectra data to analyze hemoglobin concentration [7]. Kraitl developed the
sensor design and the system construction, but the spectral algorithm had a low performance largely due to
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the lack of source information on the spectral data [8]. Yamakoshi extracted the ratio of the alternating
component to the direct one in the PPG signal waveform to obtain effective information from the pulsating
section of the arterial blood and used the experimental equipment with high performance [9], but this method
used less available data compared to noise and external disturbance.

As can be seen from the above studies, the extraction of valid data is crucial to spectral analysis. It is a
key issue to overcome the individual differences and the influence of the non-pulsating part of human tissue.
Li Gang put forward the theory of DS in 2004 aiming at this problem [10]. This theory led to a series of
scientific research results in many fields, such as extraction of spectral data, pretreatment of spectral data,
and the model establishment and validation [11-14]. In fact, the essence of this theory is similar to the time-
resolved spectroscopy proposed by Yamakoshi [15] and the differential spectral theory proposed by Chen
Xingdan [16]. However, in the latter two theories, the single extraction method reduces the measurement
accuracy. So the spectrum extraction is an extremely important link in the signal transmission. According to
the DS theory, the spectrum eigenvalue is the difference of the maximum and minimum absorbance values
in a single PPG waveform period [17].

Frequency domain analysis and ST estimation are currently the two main types of extraction methods
for DS. In the frequency domain, the DS value is formed by the proportional relation of the
fundamental harmonic amplitude of the PPG signal with its Fourier transform [18-20]. However, this
method can easily be affected by abnormal pulse noise. In the time domain, the ST extraction method [21]
was proposed. It uses a statistical method to get rid of gross errors [22, 23] and improve the quality of the
initial DS.

In this paper, a DS extraction method based on the ADS and statistical theory is proposed. It makes up
for the defects of the method above-mentioned and significantly improves the accuracy of the extraction.

DS theory. Using near infrared and visible light, we can obtain a PPG signal from the tip of fingers.
The DS value is composed of the change in the absorbance of blood volume by the sequential extraction of
the logarithm PPG signal at each wavelength [10, 24]. It is theoretically proved that the variation of the
transmitted light intensity is only related to the filling and contraction of arterial blood. Other body tissues
remain almost unchanged in the course of pulse fluctuations. Therefore, DS can eliminate the effect of this
part of the tissue [17].

As mentioned above, the basic idea is to use the peak value of the logarithm PPG at each wavelength to
extract the absorption spectrum of pulsating arterial blood, which is called the peak-value extraction method.
In the actual test, the limited sampling rate will lead to a large error in the waveform peak sign of the
logarithm PPG signal, and it can be easily affected by noise or external interference, resulting in poor
accuracy of the model.

DS time-domain ST extraction method. The ST extraction method uses the superposition average
effect of logarithmic photoelectric pulse wave at all wavelengths to obtain the log PPG template. It uses the
effective rising edge of this template to eliminate errors in the corresponding PPG waveform, calculates the
absorbance difference value, and then gets a DS value [21]. In this way, it not only eliminates the DS values
with gross errors, but also lets the spectral data be collected at the same time, which reduces the influence of
abnormal interference waveform on the quality of the DS line. As we can see, for the signal polluted by jitter
and pressure change, the ST method has stronger ability to restrain the noise. However, the disadvantage of
this method is that the implementation process is more cumbersome for a large number of data samples, and
this method still has not achieved the desired results.

DS extraction method based on ADS and statistical theory. According to DS, the amplitude
difference between any two points of the PPG signal can reflect the absorbance of blood. By superimposing
these differences, the differential spectrum can be obtained. However, the simple algebraic summation may
lead to the plus-minus elimination and lose their efficacy. So, this paper uses the absolute value of these
differences to avoid this problem. Using these absolute differences as the sub DS and calculating the stack
average of all of them may lead to some singular value in the spectral data and reduce its SNR. So, this paper
chooses using the piecewise summation to obtain the sub DS. In order to avoid the low utilization rate of raw
data, the new method adopts the data overlapping partition, and the statistical method is used to optimize an
effective sub DS to further suppress the impact of gross error on the DS data accuracy.

In conclusion, the new method not only avoids the impact of random pulse error, but also makes full use
of the collected PPG data by statistical methods. This method also has the advantages of the above methods,
such as the high computational efficiency. According to the experiment below, this method can initially
improve the dynamic spectrum SNR.
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Experimental device and data acquisition. The device used to collect PPG signals is mainly
composed of a light source, a spectrometer, and a PC machine, as shown in Fig. 1. This experiment uses a
Philips bromine tungsten lamp as the light source, with wavelength ranging from 463 to 1356 nm. The
spectrometer type is AvaSpec-HS1024x58TEC from Avantes. The spectrometer covers an effective
wavelength range from 200 to 1200 nm with a resolution of better than 1.2 nm and SNR of 1000:1. The light
source illuminates the subjects’ fingers directly. Then the light transmitted from the finger is sent to the
spectrometer through the fiber. Finally, the spectral data collected by the spectrometer is delivered to the PC
machine for data storage and subsequent processing.
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Fig. 1. The acquisition equipment of PPG.

The participants gently cover the fiber’s optic probe and keep the contact pressure basically constant.
This experiment sets integral time of the spectrometer as 20 ms and the synchronous acquisition of the PPG
signal is completed at 28 s. So, 1400 sampling points for each wavelength were obtained.

To improve the original data SNR, only the wavelength band of the larger transmitted intensity can
participate in the calculation. So in this experiment, only the PPG data in the ~613—1112 nm band are chosen
for processing. Figure 2 shows the PPG signal of one volunteer.
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Fig. 2. The PPG signal of one volunteer.

The data processing steps of the new method. Based on the principle of the DS theory and the new
extraction method, we designed the following steps to extract the spectrum:
(1) Carry out simultaneous acquisition of full-band photoelectric volume pulse waves and get them
logarithmically transformed. We assumed the number of wavelengths, N, to be 500, the length of window,
W, to be 100, and the sliding step length, S, to be 4.
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(2) Use the Dual-tree Complex Wavelet Transform (DTCWT) [25] to process the logarithmic PPG signal
within the wavelength band mentioned above, which is in fact the processing of a smoothing filter for the
original signal. Its validity for the source signal pretreatment of the DS data has been proved in the relevant
literature [26].

(3) We assumed the number of sample points, M, to be 1400. Taking one of the wavelengths as an example,
the first window of the logarithmic PPG signal can be obtained from its first W sampling points. This
method calculates the logarithm amplitude difference between each two adjacent sampling points in the
window and then gets its absolute value. Finally, W-1 absolute differences can be obtained. Then the
window is slid for S sampling points sequentially. As mentioned above, other W—1 absolute differences are
obtained. The rest can be carried out in the same manner. In summary, several windows of the logarithmic
PPG signal can be finally obtained. The windows’ number is recorded as Ny,

(4) Accumulate the W—1 absolute differences which are inside of each window. An ADS sequence will be
obtained, whose length is Ny, the same as the number of windows.

(5) According to Fig. 2, it can be seen that the waveform at different wavelengths has good consistency.
Therefore, this experiment gets the superposition average of ADS in the same position of sequences at
different wavelengths to obtain a template. It gets the values of the ADS sequence corresponding divided by
the value in the template and obtains a set of ratio coefficients recorded to K; (i = 1, 2, 3, ..., Ny). Further, it
superimposes all the coefficients K; and gets the average value, the normalized coefficient K. With the
proportional coefficient K; at each wavelength divided by K, the aplanatism normalization of DS can be made.
(6) The distance between each normalized ADS is recorded as X', and the template of the normalized ADS

is recorded as X. The Euclidean distance, D(X, X), is used to describe their similarity. In this operation,

R N _ _
DX, X) = [>|X, — X, |. This experiment then calculates the average Euclidean distance D, residual
A=l

error v;, and the standard deviation o as

J— 1 N JR— R _ _ N
D:—ZD(X’—X), vi=D(X'— X)- D, o= }zvf/(N—l).
N i i=l

If |v)| > 20, it is considered that this ADS has a gross error and should be removed. Otherwise it will be
retained. After all the gross errors are eliminated, the normalized ADS sequence is finally obtained.

(7) Get the superposition average of the normalized ADS sequences as the DS values. This experiment
arranges the DS values according to the wavelength from small to large, as shown in Fig. 3.
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Fig. 3. The waveform of DS from the sample No. 107.

Results and discussion. Modeling method of PLS. In this experiment, the 133 sets of data collected by
the experimental device are adopted for the DS extraction. According to the different methods of data
processing, the new extraction method and the ST extraction method are used as the experimental strategy
and the control strategy, respectively. In order to evaluate the two methods, this paper uses the PLS method
to model the spectral data obtained from the two methods and uses the hemoglobin concentration of the
samples as reference value.

Since the accuracy of the model is directly related to the correlation and the error magnitudes between
the DS and reference values, the effectiveness and stability of the DS extraction process can also be
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indirectly reflected. The reference values of this experiment are obtained by blood gas analyzers from the
volunteers’ blood samples collected from arterial blood in the same state as at the spectral data measurement.
Therefore there is no error between the organization systems.

Comparison of modeling results for two methods. In this experiment, the general information of these
volunteers is listed in Table 1. In order to improve the original signal’s SNR in modeling, the data of each
sample’s DS is processed by a Savitzky—Golay filter (SG filter) with 5 points and 1 order. The model set and
prediction set are selected by the non-uniform extraction. Finally, 19 samples were selected as the prediction
set, and the remaining 114 samples were used as the model set. The successive elimination and cross
validation method is used to choose the principal component number. This paper sets the correlation
coefficient of the prediction set and RMSEP as the main indicators of the model evaluation.

The main indicators of the modeling evaluation are listed in Table 2. It can be seen that when the
number of the principle components is 14, the correlation coefficient of the ST extraction method reaches the
maximum value, 0.8496, and RMSEP reaches the minimum value, 13.4869 g/L. When the number of the
principle components is 15, the correlation coefficient of the experimental strategy reaches the maximum
value, 0.9186, and RMSEP reaches the minimum value, 9.8613 g/L.

TABLE 1. The General Information of the Subjects

Total sample size | Gender | Sample size Age Hemoglobin concentration, g/L
Max 87 Max 169
Male 70 Min 22 Min 110
133 Average | 45.69 Average 145.8
Max 80 Max 158
Female 63 Min 24 Min 86
Average | 43.28 Average 126
TABLE 2. The Evaluation of the Models
Number of principle . .
Method Correlation coefficient Root mean square error, g/
component
prediction 0.8496 prediction 13.4869
ST method 14 calibration 0.9215 calibration 6.8821
prediction 0.9186 prediction 9.8613
New method 15 calibration 0.9607 calibration 5.9512

Figure 4 shows the effect of the two methods on the prediction of hemoglobin concentration of the
sample set. [t can be seen that the study group was significantly better than the control group. Compared to
the ST extraction method, the new extraction method has a higher prediction correlation coefficient and a
lower RMSEP. The method heightens the modeling accuracy and significantly improves the efficiency and
stability of DS.
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Fig. 4. The prediction results of the two methods.
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Conclusion. Aiming at the shortcomings of the time-domain ST extraction method, such as process
complexity and low effective data utilization, a new extraction method using ADS and statistical theory is
proposed. The DS data from 133 volunteers were obtained respectively using the new method and the ST
extraction method. It can be seen that, compared to the ST extraction method, the new extraction method has
a higher prediction correlation coefficient and a lower RMSEP. This method increases the modeling
accuracy and significantly improves the efficiency and stability of the DS. Since the method is simple and
fast, it is more suitable for the noninvasive detection of blood components in the microprocessor application.
This method will be helpful to promote the application of the DS theory.
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